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Analyzing emotional states under duress or during heightened, life-and-death
situations is extremely difficult, especially given the inability of laboratory
experiments to replicate the environment and given the inherent biases of post
event surveys. This is where natural experiments, such as the pager commu-
nications from September 11th can provide the kind of natural experiment
emotion researchers have been seeking. We demonstrate that positive and
pro-social communications are the first to emerge followed by the slower and
lower negative communications. Religious sentiment is the last to emerge, as
individual attempt to make sense of event. Additionally we provide a method-
ological discussion about the preparation and analysis of such natural experi-
ments (the pager message content) and show the importance of using multiple
methods to extract the broadest possible understanding.
Keywords: Content Analysis, Positive Emotion, Negative Emotion, Religion,
Disaster Communications, 9/11
Introduction
Humanity’s greatest gift is communication, it
allows for the sharing of culture or history and
the transmission of knowledge over generations.
In common everyday settings, one would observe
that most communication is fairly prosaic and at
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times even banal. However, the communication
that takes place when one anticipates the end is dif-
ferent matter. The death bed confession, the con-
demned prisoner’s final words before execution or
the desperate hurried words exchanged as one ex-
pects to die (say in a plane crash or burning build-
ing) take on extra significance. The communica-
tion that takes place in these life-threatening sit-
uations or under great pressure can reveal a vast
amount of information on individuals’ emotional
state, their preferences and the way in which they
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evolve over time. However, analyzing emotional
states under duress or during heightened, life-and-
death situations is extremely difficult, particularly
in a setting where a large number of individuals
are simultaneously faced with the same situation.
Thus far, the research on the behaviour of individ-
uals during extreme events or disaster has only pro-
vided limited insights into interpersonal connec-
tions (Frey, Savage, & Torgler, 2010; Mawson,
2007). Furthermore, the chronology of emotional
development during a disaster is under-developed
in literature. While research has shown that both
positive and negative emotions coexist in stress-
ful circumstances (Folkman & Moskowitz, 2000;
Fredrickson, Tugade, Waugh, & Larkin, 2003) the
literature has been unable to show how emotions
and sentiments evolve. Furthermore, it has not
been able to demonstrate the relative rate or scale
with which different emotions change. One pos-
sible excption is the Cohn, Mehl, and Pennebaker
(2004) analysis of web logs spanning a 4 month
period, 2 months either side of the th 9/11 event1.
Therefore, if we wish to comprehend human be-
haviour at such times, it requires us not only to un-
derstand how people act but also some (intuitive)
knowledge of their desires, some of which can be
garnered from communication. Recent research
has illustrated that while the written word can in-
deed reveal much, it is very difficult to find natural
behavioral evidence to test it (Pennebaker, Mehl,
& Niederhoffer, 2003). In this study we take the
Back, Küfner, and Egloff (2010, 2011) and Pury
(2011) studies of pager text messages sent during
the September 11 attacks (made publicly available
by Wiki Leaks in 2009) as a starting point. In
order to gain a different perspective and a deeper
understanding of the emotional responses during
this event, we compare their analytical methodol-
ogy in a side-by-side approach. We attempt a si-
multaneous analysis of both positive and negative
emotional development and the uptake of religious
sentiment. Additionally, we undertake a discus-
sion about the importance of dataset preparation,
the methodology under which it is analyzed and
how this ultimately impacts the study of emotional
content.
It is well understood that communication analy-
sis can reveal a vast amount of information about
an individual’s emotional state; this is especially
true for communications that occur during height-
ened, life threatening or life and death situations.
It was Freud (1901) who pointed out that “it is
the inner conflict that is betrayed to us through the
disturbance in speech and that the viewpoints and
observations should hold true for mistaken read-
ing and writing as for lapses in speech . . . [given]
the inner relation of these functions” (pp. 126
& 142). Lacan (1968) goes further to dissociate
language selection and the conscious mind stating
that the unconscious is that part of the discrete dis-
course that is not at the disposal of the subject in
re-establishing the continuity of his discourse (La-
can, 1968, p. 49). Taken together the spoken word
is as prone to communicating emotional state as
the written language and is done so without con-
scious direction from the individual. The literature
pertaining to the use of SMS and text style mes-
saging has shown that while it is deemed a hy-
brid style of communication, it is closest in na-
ture to face-to-face communication (Ling, 2003;
Thurlow, 2003). Hård Segerstad (2005) asserts
that as this form of communication tends to be be-
tween friends, family and loved ones and because
of technology parameters (limitations) these indi-
viduals tend to express themselves more concisely
and openly (p. 38). For the most part, this should
result in a written form of communication which
is very close in nature to private conversations be-
tween close individuals. Therefore, this would in-
dicate that during natural conversation an individ-
ual’s unconscious mind can not only betray emo-
tion through error but through the very selection
of language (words) emotive content can be as-
serted. Both the Final Report on the Collapse of
1While this research does show the change in emo-
tion over time, the one week block sizes only provides
a coarse analysis and does not specifically look at the
event as it is occurring
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the World Trade Centre Towers (the Federal Build-
ing & Fire Saftey Investigation of the World Trade
Center Disaster, 2008) and the 9/11 Commis-
sion Report by Kean and Hamilton (2004) refers
to communication in and out of the World Trade
Centre Towers to friends, family and loved ones as
events unfolded on the morning of September 11.
For example, one individual recalls: “I ran to my
desk and made a couple of phone calls. I dialed
about five times trying to reach my (spouse) . . . I
also called my sisters to find out more information”
(Ripley, 2008, p. 9).
To date a limited number of studies have ex-
plored the September 11 attacks using a content
analysis approach. The first to do so was Back
et al. (2010) who utilized frequency count analy-
sis using the Linguistic Inquiry and Word Count
(LIWC) software. Their initial analysis focused
on negative emotional aspects and showed that in-
dividuals did not react primarily with sadness but
displayed some elevated levels of anxiety that dis-
appeared quickly. In contrast, the level of anger
continually escalated throughout the day. These
findings were questioned by Pury (2011) who
showed that these initial findings were erroneous
citing the inclusion of automatically generated
(non-human) messages into the analysis. These
messages were mistakenly classified by LIWC as
anger, but lacked contextual emotional meaning
and showed a clear non-random time course. In
response to this Back et al. (2011) adjusted their re-
sults using automatic algorithms and some human
judgment (anger-rating analysis) which removed
the anger escalation. These two analytical meth-
ods revealed distinct time lines, although they were
positively correlated (r=0.50), in both cases the au-
thors observed that the dramatic rise in anger dis-
appeared. The authors concluded that “in the ab-
sence of more intelligent technical solutions, auto-
matic data preparation and analysis will probably
need to be augmented by an additional (burden-
some) source of data: the human observer” (Back
et al., 2011, p. 2). Thus, as with the analysis of any
natural data, one must be wary of and alert to po-
tential confounds which may be hidden within the
data and use human subjectivity for the furtheance
of automatic analysis. One needs to be able to
qualify as accurate as possible the emotive content
without biases (e.g. isolate automatic (non-human)
responses) to get a measure for the relative impor-
tance of emotions over time without intertempo-
ral noise. For this reason we will adopt a parallel
analysis approach to give a fuller and more com-
prehensive picture of the results.
While Folkman and Moskowitz (2000) have
shown that both positive and negative emotions co-
occur in stressful circumstances, there is very lit-
tle literature about the chronological evolution of
emotions in a crisis or disaster. Therefore, it is
valuable to go beyond the investigation of just neg-
ative emotions, as positive emotions could facili-
tate superior coping and survival outcomes. These
coping and survival outcomes could be achieved
by reducing levels of stress and easing the mind
of individuals under duress, not only by offer-
ing a distraction but also allowing the individ-
ual to maintain a cardiovascular state more con-
ducive to coping with elevated stress levels. The
positive effects could include: changing people’s
mode of thinking, broadening their (visual) atten-
tion, their momentary thoughts and their behav-
ioral repertoires impacting cognitive and coping
skills (Fredrickson et al., 2003). Laboratory ex-
periments have shown that positive emotions can
improve attention, focus, and the processing of im-
portant information (Aspinwall, 1998). Further-
more, research has indicated that not only can pos-
itive communication have a strong correlation with
emotion during stressful events, but religiosity has
been shown to provide individuals with strategies
for making sense of and coping post-event (see,
e.g., Hogg, Adelman, & Blagg, 2010; Pargament,
Magyar-Russell, & Murray-Swank, 2005; Park,
2005).
In recent times studies of the human response to
crises have been criticized for neglecting the reli-
gious dimension (Pargament et al., 2005) and em-
pirical work on emotion, within a religious con-
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text, has lagged behind theory which has been
largely speculative (Emmons & Paloutzian, 2003).
Emmons (2005) criticized that a literature search
using PsyINFO database for the period 1988-2002
returned only five citations when terms religion
and emotion was included jointly, which has in-
creased to fourteen for the period 2003-2011. This
is unfortunate as there is a large body of research
evidence that supports the notion that social norms
(which include religious values) can have a pro-
found effect on the behavior of individuals (An-
dreoni & Miller, 2002; Becker, 1974; Bolton
& Ockenfels, 2000; Camerer, 2004; Drago &
Garvey, 1998; Dufwenberg & Kirchsteiger, 2004;
Elster, 2007; Fehr & Schmidt, 1999; Frey, 1997;
Martos, Kézdy, & Horváth-Szabó, 2011; Rabin,
1993; Savage & Torgler, 2010; Silberman, 2005;
Sobel, 2005; Tix & Frazier, 2005; Torgler,
2007). Silberman (2005) supports this line of rea-
soning indicating that an individual’s idiosyncratic
meaning systems may be of particular importance
in predicting coping outcomes (p. 645). Religion
influences the generation of emotions and helps
to regulate emotional responses (Emmons, 2005).
Emotion-focused coping plays a role in situations
where one perceives that the circumstances can’t
be modified in the hope that turning to prayers and
religious methods make things changeable. Faith
in times of difficulty helps to deal with the prob-
lems faced and emotions (Hood, Hill, & Spilka,
2009). In our case people have a need for mean-
ing, control or comfort and search for it through
religion. However, as pointed out by Pargament
et al. (2005) “different people look to religion for
different ends. The extraordinary staying power of
the world’s religions may have much to do with
the fact people of different temperament, need, and
situation can find one of the many niches for them-
selves in these living systems” (p. 59).
Any study of the relationship between emo-
tion and religion is, at the best of times, com-
plicated, but becomes more complex when trying
to source its impact during periods of high stress
such as 9/11. It is problematic when trying to iso-
late the effect as there are two possible avenues
through which religion could operate: Firstly, re-
ligion could be directly impacting upon the behav-
ior of individuals during the event by regulating
(calming) the emotions of individuals. Where sit-
uations are not solvable or difficult to solve, reli-
gion may have a great impact by helping to re-
store an individual’s belief that the world is safe
and controllable (Park, 2005, pp. 711-712) and
could bestow a more positive emotional outlook.
As discussed in the previous section these effects
are able facilitate superior coping and survival out-
comes (Fredrickson et al., 2003). Secondly, re-
ligion could have a delayed effect which occurs
after such a traumatic event, where individuals
turn to religion to provide comfort and help make
sense of such events (Hood et al., 2009, pp. 459-
460). US polls indicated that in the week follow-
ing the tragedy church attendance increased from
6 to 24%, a trend that continued till November.
People searched for immediate support and com-
fort to cope with this tragedy. However, after three
months church attendance dropped to the original
pre-September 11 levels. The use of prayer was a
central primary copying mechanism to reduce neg-
ative emotional effects created by the event. We
therefore attempt to reduce some of these short-
comings by exploring the chronological develop-
ment of how emotions and language evolve dur-
ing the event and the emergence of religious lan-
guage during the crisis and compared against that
of positive and negative emotive language. It is our
belief that the current standard of content analysis
by frequency and needs to be used in conjunction
with count analysis in settings where the content
is uncontrolled (i.e., an open microphone setting).
The count methodology is able to show the differ-
ent speeds at which positive and negative emotions
(and religious sentiment) developed. Moreover,
the methodology used, the manner in which data
was prepared, and the dictionaries used to analyze
the data would have a significant impact upon the
analytical outcomes.
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Methods
Participants
This study utilizes two datasets created from the
same initial source, the of pager text messages sent
during the September 11 attacks (made publicly
available by Wiki Leaks in 2009). One set has been
prepared by the authors and the other by the au-
thors of the original studies (see Back et al., 2010,
2011). The captured communications form a rela-
tively clean quasi-natural experiment for the anal-
ysis of emotive content, where the participants are
interacting within their normal environment (rather
than in an artificial laboratory setting). The two
great advantages of natural experiments over labo-
ratory experiments are randomization and realism,
where the realism of the event prompts natural be-
havioral responses while maintaining the advan-
tages randomness of natural data. The pager mes-
sages capture the participant’s responses in their
own native voices: the sender’s unconscious selec-
tion of words and language reveals their true emo-
tions and sense of urgency as events unfold (for
a methodological overview, see Pennebaker et al.
2003). It is this natural, native selection of com-
municative language that allows for the study of
emotional and behavioral aspects by utilizing word
count analysis common to psychological studies
(see, e.g., Foltz, Kintsch, & Landauer, 1998; Pop-
ping, 2000). Such behavioral evidence is valuable
as unbiased information about individual’s emo-
tional states throughout the event is difficult to ob-
tain by interviewing survivors at a later stage. Such
post event results are inherently biased as only the
emotional states of survivors are obtained.
Research Design
In this study we adopt a variation on the nor-
mal methodological approach for content analysis
(as used in the previous studies). More than just
a shift we include a comparative analysis of the
datasets and the dictionaries used in the analysis.
We adopt this comparative approach as we believe
that there is an advantage to be gained from a par-
allel approach, using both frequency analysis and
absolute count methodologies, as neither one pro-
vides a complete picture alone. According to Hart
(2001), the two word analysis methodologies (ag-
gregate count method and frequency analysis) are
analogous to city views from a helicopter and the
street, both valid but vastly different. The view
from the air is broad rather than narrow, looks at
totalities rather than instances and is not dazzled
by context or close space observations: “We need
to count words simply because words come to us
in quantities. It is time, that is, for [us] to take
a helicopter ride” (Hart, 2001, p. 58). Clearly,
information is lost reducing the chance of getting
a relative measure of emotive responses due to in-
ability of controlling the overall individual infor-
mation flow (for a methodological overview see
Weber, 1990). This is especially true in an en-
vironment where full control of the type of mes-
sage traffic and participants is not possible such as
in an “open microphone” setting where all passing
traffic is captured regardless of its relationship or
context to the question under investigation.
This is not a problem from a frequency con-
tent analysis perspective when conent collection is
from focused sources such as speeches, newspaper
articles or web blogs - where content is much more
likely to be focused on a single topic or area (e.g.,
a re-election speech, a news story or a conversa-
tion). These types of environments would be con-
sidered a “closed microphone” setting, such that
all content captured for analysis is on topic and re-
stricted to a set number of participants. The “open
microphone” setting captures all conversation re-
gardless of topic and has an unknown number of
participants who can enter and leave the setting
at any time. This can create a problem in this
context, if we do not control for these aspects we
do not know if the change in emotional content is
from an increase in the emotion of those initially
in the system or from a large number of new en-
trants or some combination of both. To adequately
control for word capture in such a setting, it is vi-
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tal to understand the shape (distribution) of a nor-
mal day’s message traffic. In this way variations
to the norm can be attributed to the event, not to
the underlying noise in the signal traffic, creating a
much better control for the use of frequency anal-
ysis. In essence this is a comparative study of two
preparations of an original dataset, utilizing two
different dictionaries with a side-by-side analysis
of both methodologies. Additionally, we perform
statistical tests on both the data and dictionary’s to
demonstrate the strengths and weaknesses of the
each.
Several problems arise in the modern era where
we see non-human or automatically generated
messages and the possibility of multiple recipi-
ents of a single message being captured. While
automatically generated messages do not contain
any human emotive content, as they are sent by
non-human participants, the same may not be true
for multiple messages which do come from hu-
man participants. Therefore, it is important to un-
derstand the nature of the communication medium
and the way in which it is utilized by individuals
prior to data preparation and analysis. One needs
to be able to isolate and remove automatic (non-
human) responses to get a measure for the relative
importance of emotions over time, whilst preserv-
ing the human (emotive)) correspondence. For ex-
ample, during September 11 the volume of mes-
sage traffic over time increasingly contained event
updates or network news broadcasts, consisting of
little to no emotive content, which leads to noise
in an inter-temporal analysis. The inclusion or ex-
clusion of newsfeeds into content analysis needs to
be carefully concidered. While a single news bul-
letin could indeed be concidered to contain valid
emotive content and be in context for the analy-
sis the same may not be said about the following
repeats. Given the nature of modern technology
driven newsfeeds, a single feed is pushed across
the network with a highly frequent rotation. The
question now arises about the validity of the sub-
sequent feed pushes. Do these repeats contain hu-
man emotive communication (making them valid)
or are they computer generated non-emotive ifor-
mative messages (making them invalid)?
Are these messages information or communica-
tion (background noise)? At this point in the anal-
ysis a decision would have to be made concerning
the use of such feeds, either to completely drop the
repeated newsfeeds (on the grounds there are in-
formation and not valid), include the first message
and drop of the repeats (on the grounds that the
first may contain communication and the repeats
only information) or accept all the messages (on
the belief that they all contain communication and
not information). A further issue arises from the
way in which the communication technology itself
is utilized. While it is normal to observe one-to-
one message relationships (e.g., between two in-
dividuals), in the modern era it is not uncommon
for one-to-many style links to exist. This can be
true for individuals who belong to large clubs or
organizations with a focal individual or hub (e.g.,
religious or community organizations). It is es-
pecially important that this one-to-many commu-
nication is not confused with computer generated
or non-human message traffic just because of its
repetitive nature. A modern equivalent is observed
in the Twitterverse, where tweets from one indi-
vidual are followed by many and result in a sin-
gle tweet being pushed across multiple recipient
accounts. In the context of 2001, we observe a
number of identical text messages being sent out
from a religious leader to call followers to a vigil
(or prayer). This message in particular represents
a group of individuals who have given numbers to
their religious organization for the purpose of con-
tact in exactly these types of circumstances. The
content in these messages are important and rele-
vant human emotional communications and the re-
moval of such may create biased or unrepresenta-
tive analytical outcomes.
Procedure
The study of emotional content in communica-
tion is complex and at times needs to come un-
der subjective interpretation for context. When
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doing word content analysis it is important that
the lexicons are consistent, but it is more impor-
tant that they are meaningful and are used in con-
text of not only the general meaning of the term
but also in line with the meaning of the commu-
nication itself. Towards these ends we have uti-
lized the Back, Küfner and Egloff (BKE) prepared
dataset as well as our own (S&T). As a compar-
ison measure we demonstrate how different data
set preparation can give vastly different results. In
addition to using the LIWC, we also use the Word
Frequency Counter (WFC) by Hermetic Systems
(version 12.77) and STATA (version 12) for all
further statistical analysis. Additionally, we pro-
vide a comparison of both datasets using the LIWC
dictionary and our own truncated set (S&T). In
line with the comments by Pury (2011) we have
atempted to reduce the false positives by remov-
ing automatically generated computer messages.
However, our approach to the issues raised by Pury
(2011) was to remove problematic terms from our
dictionary and lists. Additionally, to keep this
work in line with previous studies the S&T dictio-
nary was crosschecked against the LIWC dictio-
naries to ensure category consistency. We present
the original S&T dictionary list in this paper (see
Table 1) as well as the words we have omitted from
the adjusted dictionary lists (see Table 2).
This then leads to the need for some correction
of the dictionaries to make them consistent and en-
sure they are in line with the context of the mes-
sages. We initially started with an author gener-
ated list of words, specifically selected to represent
positive, negative and religious emotive words. We
then compared this list with the LIWC dictionary
to ensure categorical consistency (all of which co-
incided with the LIWC definitions). While the
dictionary is without doubt ad-hoc and smaller in
nature they do strictly follow the category con-
ventions. In the initial phase of the analysis we
performed a complete word count analysis, where
we generated complete count lists for each pe-
riod. From these lists we were able to identify any
anomalies or words that could have been driving
category counts - these were then investigated on a
random selection basis to check for contextual va-
lidity. For example in the Negative Emotion Cate-
gory, we see the need for the words “Attack” and
“Hit” to be dropped from the count analysis as the
context in which they are used is incorrect for a
negative emotional term. In this context neither
word is used as to describe an action to a person,
such as to hit or to attack someone, but is used as
a descriptive to describe an event (e.g., a plane has
hit the WTC). Further checking the usage of these
terms within the messages, shows that these terms
are inflating the Negative category and should not
be included in this category count. Figure 1 dis-
plays the overall count for the Negative Emotion
category using the LIWC dictionary on the BKE
prepared dataset. The adjusted line excludes these
terms which results in a large peak shift to the right
and a slight decrease overall. We can see that in-
clusion of these terms is having a significant ef-
fect on the distribution of the LIWC category to an
early peak (9-10am), but their removal has a distri-
butional effect on the peak (shifting it to the right)
but only a minor effect on the shape of the remain-
der of the graph leading to a new peak (11-12pm).
This could also be said for the term “war” which
appears in both the Death and Negative Emotional
categories. When examined within the context of
this event, war is an understandable reaction in the
negative sense to the event. However, in context
of Death it is not in general talking about death
but for the need for vengeance and revenge against
the perpetrators of the disaster. “War” is the sin-
gle biggest contribution to the Death category and
creates a strong peak (11-12pm) for brievity these
results are not shown here. Finally, the term “ser-
vice” should be checked for any missed automat-
ically generated messages. After the initial attack
computer generated messages began to appear as
systems experiances a loss of service, this effect
escalated after the second attack and the collapse
of the towers, which can artificially inflate the Re-
ligious Category results.
This demonstrates that the datasets and the way
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Table 1
Original S&T Dictionary
Positive Emotion Negative Emotion Religion
accept* deer honey abandon desperate risk afterlife
agree defy* hope alarm* difficult sad bless
apologize deny hopefully alert difficulties scare* chaplain
appreciate denying hug alone emotion scary christ*
awe deserve* keepalive alrm failures selfish church*
believe* devote kiss* alrt farewell shit confess
best endures life angry fear* sorely faith*
bond feel* love* attack* forget sorrow forgive*
brave* fine marriage attk frustrat* sorry god
bravo forgive* marry avenge fuck stress grace
bye future plz beg hate sympathy heaven
calm* good relation* broke* loss tears hell
care* grace sweet cries lost terror islam*
caution happi* sweetheart cry meaning underst* jesus
compreh* happy sweetie dam miss* warn* mass
concern* health together* damage* oh-shit why muslim
cooperate heart truelove damm panic worried religi*
darling hon well damn plead worry repent
dear hone dang remorse rest
deeply honee service
temple
Table 2
Adjusted Dictionary Sets
Category LIWC S&T
Positive Emotion please -
Negative Emotion hit, attack attack
Religion - service
in which they are prepared for analysis are in need
of additional attention. There are some major
variations between the BKE dataset and the S&T
which are driving some the result variation. This
is most observable within the Religion Category,
between 2-3pm where “church” appears 182 times
in S&T but only 7 times in BKE. This is directly
caused by the automatic dropping of repeated mes-
sages, e.g., in the original data set there is a mes-
sage telling parishioners that there will be a vigil
being held at the church which is dropped under
the methodological preparation process for repe-
tition in the BKE dataset. It is understandable
from a purely mechanical methodological view-
point, that repeated messages should be dropped.
However, one must pause to think about its signif-
icance in relation to the event and the analysis of
religious communication. Rather than a random
and/or sporadic attempt at gathering parishioners
to come to prayers, a single but powerful call was
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Figure 1. Negative Emotion Category - using BKE
dataset.
issued via the use of communication technology
for all parishioners of this church to attend. This
call is being dropped because it was done in an
efficient systematic manner, which does not truly
represent the strong religious undercurrent coming
from this message. For this reason we start by
analysing both the BKE and S&T datasets using
the LIWC frequency analysis as a baseline. Firstly,
to gain an understanding of the difference created
from the size of the dictionary (number of words)
we do a total word-count comparison. In Figure 2
we see the word count totals for the BKE and S&T
datasets across the time period 2. This illustrates
the total number of words counted using each dic-
tionary for each time block.
Here we observe that while there is a size differ-
ence in the absolute count, which is being driven
by the dictionary size, they are highly correlated (r
=0.9893; p<0.0001) which means that the use of
the truncated S&T dictionary should give results
consistent with the much larger LIWC. The S&T
dataset peaks out at about 100,000 words where
as the BKE is just under 500,000 in total. This
size difference could have a significant effect on
the a frequency analysis as the overall size of the
denominator is much larger with no guarantee that
the numerator is any larger, resulting in very small
frequency statistic. Next, we independently inves-
Figure 2. Absolute word count totals for BKE and
ST datasets
tigate the relationships between the three main cat-
egories of interest, namely Positive Emotion (PE),
Negative Emotion (NE) and Religion (RE) using
the LIWC frequency analysis methodology. Then
we provide a correlation analysis of the different
categories constructions using the BKE or S&T
dataset and the LIWC or S&T dictionary using
the absolute count methodology. The four main
category types are BKE-LIWC, BKE-S&T, S&T-
LIWC and S&T-S&T; we have also included the
adjusted categories for comparison.
While we observe that there is a gap between
the LIWC results for both BKE and S&T in the PE
category (see Fig. 3), there is a fairly high nega-
tive pair wise correlation (r = -0.5277; p = 0.0244).
The negative pair wise correlation relationship be-
tween the two datasets could be problematic in a
frequency setting, but does not appear in the count
analysis methodology. This remains true in a cor-
relation analysis using a time trend with intervals
of 30 minutes (BKE is significantly positive (r =
0.3424; p = 0.0441) and the S&T is highly signifi-
cantly negative (r = -0.6410; p = 0.0001).
In Table 3 we provide the correlation matrix for
all the variations of the PE category using the ab-
solute count methodology. We observe that the
high degree of correlation found in the frequency
2Note, the BKE dataset only begins at 6:45am.
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Figure 3. LIWC analysis of BKE and ST Positive
Emotion Category
analysis is maintained and increased in the ab-
solute counts for all combinations of dictionary
and dataset, including the adjusted dictionary and
dataset combinations. Regardless of the dataset
or dictionary pairings we observe that the corre-
lation always remains extremely high for the PE
category.
Next we analyze the LIWC NE category, Fig-
ure 4 displays the LIWC frequency analysis for
the BKE and S&T NE Category (r= 0.2327;
p<0.3529). Here we observe that while the two
dictionaries are much closer in value than PE they
generally move independently of each other, which
results in a low, insignificant pair wise correlation
(r = 0.2327; p < 0.3529). The time trend corre-
lations are in both cases positive but they differ
greatly. The BKE correlation is insignificant (r
= 0.0591; p = 0.7358) while the S&T correlation
is positive and highly significant (r = 0.8351; p <
0.0001). This could indicate a large variation be-
tween the datasets, which could create a problem
in a frequency analysis setting.
However, the Tables 4 and 5 present correlation
matrices for all the variations of the Negative Emo-
tion category. The difference we observed in the
frequency analysis (Fig. 4) is no longer present in
the correlation matrix for the absolute count mod-
els, but we do observe lower correlation levels be-
Figure 4. LIWC analysis of BKE and ST Negative
Emotion Category
tween BKE and S&T-LIWC models (see Table 4).
Table 5 present the adjusted models for the NE cat-
egory. We observe that the correlation is lower in
the adjusted cases, eased but remains very high for
the majority of the models.
Finally, we analyze the LIWC frequency anal-
ysis results for the Religion category. We see in
Figure 5 the LIWC frequency analysis of the BKE
and S&T RE category (r = -0.0750; p=0.7673).
Here we observe that again the frequency analy-
sis results are much closer together, but the pair
wise correlation analysis demonstrates that a rela-
tionship is virtually non-existent (r = -0.0750; p <
0.7673). It may be that this result is being driven
by the large swing in the first hour and the drift
in the latter section of the results. This in essence
highlights some of the problems associated with
open microphone frequency analysis, in the hours
between 7-8am the BKE has two positive hits for
religion. While this is only a small number, there
is very little traffic at this time and this can have a
significant impact on the results. However, when
we turn to the absolute count models, this problem
is not reflected in the correlation matrix (see Ta-
ble 6). Here we observe a strong relationship be-
tween most of the dataset/dictionary combinations.
These results provide support for the use of the ab-
solute count methodology and for the adjusted dic-
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Table 3
Positive Emotion Correlation Matrix (*Adjusted dictionary)
ST- ST- BKE- BKE- ST- BKE-
ST LIWC ST LIWC ST* LIWC*
ST-ST 1.0000
ST-LIWC 0.9964 1.0000
BKE-ST 0.9919 0.9888 1.0000
BKE-LIWC 0.9932 0.9915 0.9995 1.0000
ST-ST* 0.9897 0.9975 0.9794 0.99830 1.0000
BKE-LIWC* 0.9937 0.9925 0.9991 0.9998 0.9845 1.0000
Table 4
Negative Emotion Correlation Matrix A
ST-ST ST-LIWC BKE-ST BKE-LWIC
ST-ST 1.0000
ST-LWIC 0.8054 1.0000
BKE-ST 0.9108 0.7254 1.0000
BKE-LWIC 0.9164 0.7636 0.9779 1.0000
tionaries, as they demonstrate a strong correlation
between them. The results of the time trend corre-
lation analysis shows a different result than those
previous demonstrated. Now the BKE output is
much more correlated with time (r = 0.6159; p <
0.0001) than S&T (r = -0.1128; p < 0.5189). This
result is not surprising given the stable and flat na-
ture of the S&T output.
Figure 5. LIWC analysis of BKE and ST Religion
Category
In the finally analysis, we attempt to determine
if there is a difference in the nature of the messages
sent pre- and post-event with those sent during. In
line with the Back et al. (2011) we provide a sta-
tistical analysis (t-test) of all the messages sent be-
fore the first aircraft struck the World Trade Cen-
ter and afterwards applying a frequency analysis
using the S&T dataset (see Table 7). Here we ex-
tend their analysis to include a full hour of mes-
sages broken down into one minute blocks testing
the one hour prior to the first attack (7:46-8:46am)
with the hour following it (8:46-9:46am) and with
the period after the collapse of the second tower
(10:28-11:28am). Additionally, as the messages
sent during the event may be different from those
being sent afterwards we also analyze the hour dur-
ing the attack (9:28-10:28am) with the time period
after the collapse of the second tower3.
We observe that there is no statistical difference
3Communication Timeline: 8:14 am American Air-
lines Flight 11 hijacked, between 8:42 8:46 am United
Airlines Flight 175 aircraft hijacked. 8:46:40 am Amer-
ican 11 flew into WTC Tower 1. 8:51 8:54 am Amer-
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Table 5
Negative Emotion Correlation Matrix B
ST-ST* ST-LIWC* BKE-ST* BKE-LIWC*
ST-ST* 1.0000
ST-LWIC* 0.7131 1.0000
BKE-ST* 0.9003 0.6287 1.0000
BKE-LWIC* 0.9303 0.7374 0.9641 1.0000
Table 6
Religion Correlation Matrix
Religion ST- ST- BKE- BKEC- ST- BKE-
ST LIWC ST LIWC ST* LIWC*
ST-ST 1.0000
ST-LWIC 0.6596 1.0000
BKE-ST 0.7871 0.8036 1.0000
BKE-LWIC 0.8685 0.7741 0.9395 1.0000
ST-ST* 0.5579 0.9612 0.7787 0.6964 1.0000
BKE-LIWC* 0.7970 0.8122 0.9903 0.9432 0.8022 1.0000
in the PE category for the hours before or after
8:45am. However, there is a statistical difference
(1% level) between the hour before 8:45am and
the hour after 10:28am and between the hour 9:28-
10:28and after 10:28 (significant at the 5% level).
On the other hand, the NE and RE categories in
the hour before and after 8:45am are significantly
different for each other (5%), but are not signifi-
cantly different later in the hour before and after
10:28am for NE but is significant at the 10% for
RE. This results in the hour before 8:45am and
the hour after 10:28am being statistically different
for both categories as well (1% level). These re-
sults indicate that PE communication had a strong
relative increase during the later periods (9:28 to
11:28). This is not true for NE or RE - here we ob-
serve an increase once the event starts which then
holds for the duration of the event to end up with a
large change in the hour after the event. This anal-
ysis provides strong evidence to support the use
of an alternative dictionary and dataset for com-
parative purposes, given the strong correlation be-
tween our base and adjusted categories we can be-
gin the methodological analyses of the three main
categories of interest, PE, NE and RE.
Results
To demonstrate the differences made from ad-
justing the dictionaries we present both the raw and
the adjusted anysis in a side-by-side fashion (the
adjusted dictionary is denoted by a *). Note also
that we have rescaled the RE variable to meake it
more visible, the right hand Y axis is always used
for the RE scale. We begin by using both the S&T
dictionary and dataset. Figures 6 and 7 displays
the count method outcomes for the categories PE,
NE and RE content using the S&T dictionary and
datasets. Here we must be careful when intrepret-
ican Airlines Flight 77 hijacked. 9:02:59 am United
Airlines Flight 175 hits south side of WTC Tower 2.
9:37:46 am, American Airlines Flight 77 crashes into
the Pentagon. 9:28 am hijackers take over United Air-
lines Flight 93. 9:58:59 am Collapse of WTC Tower
2. 10:02:23 am Flight 93 crashes into an empty field in
Pennsylvania. 10:28:22 am Collapse of WTC 1.
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Table 7
T-test Statistics
Category Period 1 Period 2 Obs. t
Positive Emotion 7:45-8:45 8:45-9:45 60 0.4744
9:28-10:28 10:28-11:28 60 2.1727
7:45-8:45 10:28-11:28 60 4.9817
Negative Emotion 7:45-8:45 8:45-9:45 60 2.5364
9:28-10:28 10:28-11:28 60 1.4661
7:45-8:45 10:28-11:28 60 5.9507
Religion 7:45-8:45 8:45-9:45 60 2.0677
9:28-10:28 10:28-11:28 60 1.8918
7:45-8:45 10:28-11:28 60 3.9516
ing the graphical results, as the count methodology
is using absolute values which can result in large
variations between categories. What is more im-
portant in this method is not the only values, but
their relative changes over time (how they develop
in relation to the other categories).
Figure 6. Raw count method outcomes for Posi-
tive, Negative Emotion and Religious content us-
ing the S&T dictionary and datasets.
Here we see that initially the response is over-
whelmingly positive, contrasted by the negative re-
sponse which not only peaks at a lower level but
does not occur until after the event conclusion (12-
1pm). However, one should note that the overall
level between PE and NE is not fully comparable,
as the absolute value is influenced by the composi-
Figure 7. Adjusted count method outcomes for
Positive, Negative Emotion and Religious content
using the S&T dictionary and datasets.
tion of categories (e.g., number of words). Never-
theless, one should also note that both emotions
show similar aggregated values and patterns be-
tween 6-8 am and 11-1 am.
Figures 8 and 9 shows the relationship within the
S&T dataset using the LIWC dictionary. Again,
we observe a very similar set of outcomes as ob-
served in Figure 7. While the results are similar,
the absolute counts are much higher; this is pri-
marily due to the much higher number of words
in the LIWC dictionary. However, as discussed in
the methodology section we must also note that we
have omitted some terms from the category dictio-
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Figure 8. Raw count method outcomes for Posi-
tive, Negative Emotion and Religious Content us-
ing S&T dataset and LIWC.
Figure 9. Adjusted count method outcomes for
Positive, Negative Emotion and Religious Content
using S&T dataset and LIWC.
naries as these words can be shown to be driving
the results from an incorrect context. However, a
visual comparison between Figures 7 and 9 show
very similar development over time regardless of
the dictionary used (excluding the higher absolute
count values driven by the much larger dictionary
size).
Figures 10 and 11 again demonstrates the rela-
tionship between the categories but this time is us-
ing the dataset prepared by BKE but using the S&T
category dictionary - we can observe that there is
Figure 10. Raw count method outcomes for Posi-
tive, Negative Emotion and Religious Content us-
ing the BKE and S&T dict.
Figure 11. Adjusted count method outcomes for
Positive, Negative Emotion and Religious Content
using the BKE and S&T dict.
very little structural difference between the graphs,
apart from the absolute size, which is understand-
able given the much reduced number of messages
in the BKE dataset.
Figures 12 and 13 demonstrates the BKE pre-
pared data with the LIWC category dictionaries for
PE, NE and RE content. We can visually observe
the similarities between Figures 11 and 13, the dif-
ferences between them in absolute count sizes are
due to the larger dictionary sizes. While the un-
derlying relationships between these categories re-
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Figure 12. Raw count method outcomes for the
categories Positive, Negative Emotion and Reli-
gious Content using BKE and LIWC.
Figure 13. Adjusted count method outcomes for
the categories Positive, Negative Emotion and Re-
ligious Content using BKE and LIWC.
main consistent across dictionaries and datasets, it
is important to note the vast changes in scale that
occur. What we do observe across the majority of
these graphs is the relationship between the pos-
itive to negative emotional categories. This may
indicate that positive emotions can help generate a
sense of control in order to increase the probability
of positive survival outcome, which is in line with
Spilka, Shaver, and Kirkpatrick (1985).
What we may be able to conclude from the re-
sults is that in extreme circumstances, people do
not immediately respond with negative attitudes
but approach such events in a positive and support-
ive manner, possibly helping to reduce the occur-
rences of panic or antisocial behavior. This could
indicate a pro-social motivation in which individu-
als attempt to support and assist others to alleviate
distress, a kind of helping behavior displayed dur-
ing common threat situations that generates we-
feelings and a concern for the welfare of others
(see, e.g., Batson et al., 1979).
Interestingly, we observe that the peak of re-
ligious sentiment comes after the collapse of the
towers, which would indicate that after such trau-
matic events individuals do turn to their faith and
beliefs for support4. This result can be clearly seen
in both Figures 7 and 9 but the effect is washed
out due to the data preparation methodology in
Figures 10-13. This is in line with Pargament et
al. (2005) who believes that religion offers a way
to come to terms with tragedies or suffering after
times of great crisis. Religious beliefs appear at
later stages when people try to make sense and
to understand events they have witnessed Kelley
(1971), while they attempt to restore the meaning-
belief system (Spilka et al., 1985). As Spilka et
al. (1985) pointed out that people seek meaningful
explanations of events has a long history: “Aristo-
tle opened his Metaphysics with the bald assertion
that “all men by nature desire to know.” Dewey
(1929) spoke of a “quest for certainty,” Frankl
(1963) of a “search for meaning,” and Maslow
(1970) of the "desire to know and understand.” (p.
4). It may not be surprising that religion becomes
so important after a crisis, given that the crisis it-
self most likely disrupts the normal structure of un-
derstanding and needs set out in Mawson (2007).
In the later stages or after a disaster or crisis event,
religion becomes more accessible, given that the
4We believe that the results do indicate a posi-
tive swing towards religion and not merely the use of
phrases such as “oh my god” after the event. When this
phrase is analysed we find that it occurs only 14 times
through out the day - 12 of which occur between 8am -
11am
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event has most likely stripped away the everyday
structure of modern society. Here the strong tradi-
tional framework of organized religions can come
to the fore, providing clear beliefs, coping mech-
anisms and social bounds. However, as the event
subsides and life returns to a semblance of normal-
ity the need for the traditional religious framework
fades, which may explain some of the ebb and flow
of religious communications in and around crisis
events.
Discussion
Understanding human behavior in times of
stress or under extreme circumstances requires an
understanding of how people choose to act and the
manner in which they make their decisions. In the
absence of sure knowledge on the actions and de-
cisions taken by individuals in these extreme cir-
cumstances we rely on proxies to reveal prefer-
ences and decisions. The analysis of communica-
tion provides us with such a proxy for emotion,
which is a key factor for individual decision mak-
ing in extreme environments and circumstances.
This study not only allows us to gain greater in-
sight into communication in times of great stress,
but also the evolution of the underlying emotion
generated throughout the event. While the exist-
ing literature has provided only limited empirical
insights into the interpersonal connections during
extreme events, it does provide a starting point. We
show that modern communication mediums and its
associated technologies required a revisiting of the
standard methodologies with which word analysis
has previously been carried out. And while per-
sonal communication can be just a one-to-one rela-
tionship it is no longer limited to such and the tools
and methods used for analysis must adapt to ac-
commodate it. Overall, our findings indicate that it
is useful to work with a model of behavior and de-
cision making that recognizes the social nature of
human beings. This vital understanding of how hu-
mans think and how emotions develop and change
under extreme conditions can provide us with valu-
able insights into how humans will behave during
future extreme events. It will be this better under-
standing of social interactions and the nature of hu-
man beings that will make for better public policy.
This was neatly summed up by Heide (2004), who
indicated the urgent need for this: “Disaster plan-
ning is only as good as the assumptions it is based
upon. Unfortunately this planning is often based
upon a set of conventional beliefs that have been
shown to be inaccurate or untrue when subjected
to empirical analysis. It is more efficient to learn
what people tend to do naturally in disasters and
plan around that, rather than design your plan and
then expect people to conform to it” (p. 340).
Here we have shown that as the September 11
terror attacks unfolded, individuals reached out for
information and support, the emotive (and by ex-
tension behavioral content) of the initial commu-
nication, demonstrated an overwhelmingly posi-
tive emotional attitude. This result is important
for the study of emotion, especially in a content
analysis setting, as it demonstrates that even under
extreme or adverse conditions with large amounts
of uncertainty it is human nature to be supportive
and have an outflow of positive emotion towards
others. However, after the collapse of the sec-
ond tower, communications became increasingly
negative and shortly thereafter individuals began a
strong uptake of religious terminology within their
communications as individuals sought comfort and
understanding in religion and their belief systems.
The initial shift may be indicative of a short-term
instinct to provide and seek support while trying
to solve or address problems (Aspinwall, 1998,
2004) that later gives way to negative emotions.
This supports much of the religious support liter-
ature which argues that religion is an important
coping mechanism is disaster and crisis situations.
However, this only becomes evident well after the
proverbial dust has settled demonstrating that re-
ligion must be offering a form of support or un-
derstanding that is less available in the immediate
aftermath of such event through other channels.
In general, the broad range of positive public re-
sponses such as rescue work, volunteering, provid-
EMERGENCE OF EMOTIONS DURING THE SEPTEMBER 11 DISASTER 17
ing resources, or donating blood clearly indicates
a different picture from the long-held views that
terrorist attacks would cause mass panic or social
disorder (Mawson, 2007).
Another critical point of this study is that one
must be aware of the limitations of using any
predefined analytical tools, especially if they are
designed for general use (such as a dictionary).
While is vital to have a set of generally accepted
tools for such analysis (to maintain comparabil-
ity between research projects) the results can be at
times misleading because of over-generalization.
In order to answer specific question tools should
be specifically designed, or at the very least mod-
ified or adapted to suit the specific research ques-
tion. While the purpose was not to create a better
dictionary, we have shown that modifying the gen-
eral in order to obtain the specific can be a valid
and useful concept. This is not to say that the S&T
dictionary is lacking or deficient or even ideal, but
it does demonstrate that some additional thought
and vetting needs to be applied to the general tool
if it is to be applied to a “specific purpose.” The
LIWC and the dictionary is a comprehensive and
highly useful tool that should continue to be used
for this type of analysis. However, some addi-
tional features might make this a much more useful
tool, e.g., providing the results of absolute counts
with a list of the total counts would enable the re-
searcher to see if any terms are inadvertently driv-
ing the frequency analysis. This alone would al-
low the researcher to question the validity of keep-
ing key words such as “hit” in the analysis, or at
the least to run the analysis again with the word
omitted to check the robustness of results. Our
S&T dictionary was originally created to investi-
gate a specific question, i.e. the chronological de-
velopment of positive and negative emotions and
the emergence of religious sentiment during a dis-
aster. What we discovered was that this approach
was problematic, as it did not initially take into ac-
count the wider literature that already existed and
the large amount of existing work utilizing the psy-
chological dictionary. Once we became aware of
this we backwards checked our dictionary with that
of the LIWC to ensure its validity. While our dic-
tionary is smaller in absolute size, it does comply
with all the category definitions in the LIWC, and
we show that even using the LIWC dictionary we
obtain very similar results using the S&T data.
This analysis does not measure or indicate the
religiosity of any one individual or group, but
rather is an aggregate measure of the collective use
of religious terminology and its development over
the period of the disaster. This aggregate measure
of religion does have some shortcomings, such as
the inability to link use of religious words in com-
munication to an individual level of religiosity. We
do not know the level of belief or even the de-
nomination of the individuals who sent/received
such messages, meaning we are unable to make
any statements about the meaning-making system
of these individuals or how it impacts them specif-
ically. What the aggregate analysis does allow us
to do is to map the levels of religious communi-
cation exhibited during the event and analyze if or
how it changed over the course of the day. The
literature in the area of religion and emotion is
still underdeveloped and could benefit from a more
concerted interdisciplinary effort from researchers.
While this study has demonstrated emotional de-
velopment and emergence of religiosity after a ma-
jor event, it has been viewed from an aggregate
(macro) perspective and it would be of great bene-
fit if this could be done at the individual level. Any
study that could link the aggregate back to the in-
dividual, and measure religiosity and demographic
states would provide a great leap forward in this
field but as such is outside the current scope of this
study.
Beyond these findings, we believe an equally
important contribution of this work is the method-
ological discussion pertaining to the importance of
utilizing both frequency and pure count method-
ologies in content analysis. Furthermore, the
preparation of datasets for analysis is hugely in-
fluential within this form of emotional analysis.
Small changes in methodology when preparing a
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dataset can have large scale impacts, which can be
exacerbated if used in complex two or three stage
analyses (such as frequency). It is also important to
contemplate the meaning of unused or omitted data
and as well as the manner or reason in which it was
initially generated. The relationship between mes-
senger sender and receiver must be further dwelt
upon and not dismissed out of hand. Finally, we ar-
gue that utilizing absolute word count analysis can
be useful in removing message capture confounds
when analyzing the evolution of emotions in text
communications. The “open microphone” prob-
lem and the possibility of multiple recipients of a
single communication, means that stepping back
from the analysis is important in situations where
absolute control of the message source is impossi-
ble.
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